S1. Study area
: Study area, consisting of 19 MODIS tiles, and the cropland extent derived from the GlobCORINE 2005 map. We focused on all classes containing cropland, specifically rainfed and irrigated cropland, complex cropland, and mosaic cropland / natural vegetation, and we masked all other classes.
S2. Calculation and sensitivity analyses of cropping indicators

Cropping frequency
The cropping frequency was calculated using 12 annual, binary maps of fallow active farmland from 2001 to 2012 derived in a previous study (Estel et al. 2015) (Fig. S2 ). These maps were classified using a geographically well-distributed training dataset for each year and a Random Forests classifier. The validation for each of the 12 active/fallow maps based on independent observations from the field (i.e. Land Use/Land Cover Area Frame Survey; LUCAS) and from satellite images (i.e. Landsat). Overall we collected for each year on average 438 validation points for the fallow and 1870 points for the active class. The overall accuracy of the fallow/active farmland maps were on average 90%. The active farmland class had a higher accuracy, with a producer's accuracy of 92% on average and a user's accuracy 96% on average. The fallow class had a producer's accuracy of 83% on average and a user's accuracy of 70% on average (see for details Estel et al. 2015) .
We calculated the cropping frequency by summarizing the 12 annual maps and counting the number of active years during that time period for each pixel. 
Multi-cropping
The multi-cropping indicator was derived by counting the number of annual seasons over the entire time period using the software TIMESAT (Jönsson and Eklundh 2004) 
Fallow cycles and fallow cycle index
The derivation of the fallow cycles based on the 12 annual, binary maps of fallow active farmland from 2001 to 2012 derived by Estel et al.2015 , and described above (Fig. S2) . We screened the twelve year time series for three different fallow cycle types (FC1, FC2, and FC3). Each cycle type was built by chain segments; a certain number of consecutive fallow years enclosed from two active years. Thus a chain segment of FC 1 consists one fallow year, a chain segment of FC2 two consecutive and a chain segment of FC3 three consecutive fallow years enclosed by active years. We then summarized the total number of chain segments within the entire time series for each fallow cycle type (Fig S3) . To provide a single indicator for fallow systems and a measurement for the cropland intensity within these fallow systems we attached different weights to the three fallow cycle type. The weights were derived by calculating the ratio of the total number of years in the time series (in our case twelve years) and the maximal possible number of chain segments within the time series. In a twelve year time series FC1 can occurred five times (5/12), FC three times (3/12) and FC3 only two times. 
Crop Duration Ratio
The crop duration ratio refers the relationship between the total length of the growing season (L 0 ) and the length of the cropping season at half of the highest peak (i.e., half-maximum, L 50 ) during the cropping time (Fig. S4) . The total length of the growing season was determined by counting the number of days with a land surface temperature above 5°C, i.e., the time between the earliest and latest MODIS acquisition date in a given year when plants are assumed to actively grow (Hickler et al. 2012; Zhang et al. 2004 ). We derived the crop duration ratio from L 0 and L 50 for each non-fallow year between 2001 and 2012 ( Fig. S5 ) and calculated the mean across all years. To assess the sensitivity of our results towards the threshold chosen to map the crop duration ration (the half maximum, 50% peak vegetation threshold, in the default calculation), we derived crop duration ratio maps for 40%, 45%, 50%, 55%, and 60% thresholds for each year (Fig. S4) , calculated the average crop duration ratio per pixel, and then derived the standard deviation crop duration ratio per pixel (Fig. S5) . Our results showed that the crop duration ration was relatively robust to the choice of threshold for most cropland areas in Europe (i.e., variation of less than 20%). For some areas, especially in the Mediterranean, where crop duration ratio is lower than in other areas in Europe, we found a higher, but still fairly moderate sensitivity (e.g., in Turkey, on Crimea Fig. S5 ). Figure S5 : Standard deviation crop duration ratios for thresholds between 40% and 60% peak vegetation.
S3. Self-Organizing Maps parameterization
Determination of the optimal cluster number
To determine the optimal number of cluster for the SOM analysis, we carried out a sensitivity analyses with varying clusters numbers and dimensionality (i.e., columns and rows) ranging from 2x2 to 4x4. To identify the optimal cluster number we observed the natural breakpoint in the mean distance of the samples to their cluster centroid (Maulik and Bandyopadhyay 2002) and the Davies-Bouldin cluster validity index which explore the intra-and inter-cluster variability (Davies and Bouldin 1979) . A low Davies-Bouldin index indicates a mathematically more satisfactory clustering result. In our case the minimum Davies-Bouldin value was at six. Since the mean distance to the cluster centroid was levelling off around a cluster size of six as well we set the optimal number of cluster to six (Fig S6) . Figure S6 : Determination of the optimal cluster number using the mean distance of samples to their cluster centroid and the Davies-Bouldin cluster validity index. 
